Introduction 50
Traits relevant to metabolic disease, such as obesity, and blood lipid profiles, have complex genetic 51 architecture (Schork 1997) . Many genetic factors contribute to these traits and potentially interact to 52 influence multiple traits simultaneously. Identifying these genes and their interactions will play a 53 critical role in predicting individual susceptibility to metabolic disease and prioritizing drug targets 54 for targeted treatments (Moore and Williams 2009). However, despite availability of large-scale 55 genotype and phenotype data in multiple human populations, little is known about the genetic 56 architecture of metabolic disease-related traits. 57 58
There are a number of challenges associated with mapping the genetic architecture of complex traits 59 in human populations. In contrast to Mendelian traits, in which a single genetic variant is responsible 60
for the vast majority of phenotypic variation, complex traits are influenced by many variants with 61 small effects, which are difficult to detect. Large variation in environmental exposures between 62 individuals can easily overwhelm small genetic effects, compounding the problem. Human 63 populations, moreover, have intricate population structure (Rosenberg et al. 2002) which can cause 64 spurious associations in genetic mapping experiments (Pritchard et al. 2000) . Detecting genetic 65
interactions, or epistasis, in humans raises additional challenges. Epistatic interactions tend to be 66 weaker than main effects and can generate additive genetic variance (Huang and Mackay 2016) , and 67 variation in allele frequencies between populations makes replication of true interactions between 68 populations difficult (Greene et al. 2009 ). 69 70
Highly diverse multi-parent populations, such as the Diversity Outbred (DO) mice (Svenson et al. 71 2012) [@Gatti] offer a powerful alternative to human populations for mapping the genetic 72 architecture of complex traits. As an outbred population, the DO mice are potentially a better model 73 of human populations than inbred mice. Because the DO founders included three strains recently 74 derived from wild mice, the population contains extensive allelic variation that is evenly distributed 75 across the genome (Philip et al. 2011; Svenson et al. 2012; Logan et al. 2013 ). This density of 76 polymorphisms allows much more extensive mapping than can be done in typical crosses between 77 inbred strains, which can share large regions of identical sequence (Yang et al. 2011 ). Furthermore, 78 the breeding paradigm in the DO is designed to maintain allelic diversity, reduce linkage 79 disequilibrium, and generate minimal population structure (Svenson et al. 2012; Chesler et al. 2016) . 80 Thus variation in allele frequency does not confound detection of variant effects or epistasis as it 81 does in human populations, and effects can be mapped to relatively narrow genomic loci, which will 82 enhance the discovery of genetic influences on phenotype. 83 84
A large number of traits, including many clinically relevant traits, have been measured in DO mice 85 (Svenson et al. 2012 ; Bogue et al. 2015) [and @Gatti]. While heritable, few of these traits have a 86 single QTL of exceptional effect [@Gatti] . The DO mice thus provide an ideal platform for 87
investigating the genetic architecture of complex traits. Their phenotypic diversity combined with 88 extensive genetic variation that is evenly distributed and highly recombined facilitates detection of 89 both genetic main effects and interactions influencing many clinically relevant traits. 90 91
In this study we use combined analysis of pleiotropy and epistasis (CAPE) {tyler2013cape} to 92 investigate the genetic architecture of multiple complex traits related to metabolic disease in 474 93 male and female DO mice fed either a high-fat or standard chow diet. Specifically, we analyzed 94 epistasis influencing fat mass, lean mass, and circulating levels of cholesterol, triglycerides, and 95 leptin, as well as three gene expression phenotypes. CAPE is an approach that combines information 96 across multiple phenotypes to infer directed genetic interactions. It infers a single model for multiple 97 quantitative traits, and leverages statistical power from multiple phenotypes to enhance the 98 detection of QTL and their interactions. With this approach, we recently analyzed the genetic 99 architecture of body composition and bone density in a well-powered F2 mouse intercross (Tyler et 100 al. 2016) that revealed a large network of weak interactions that generally reduced phenotypic 101 variation across the population. Here we apply the principles of this analysis to investigate the 102 contributions of within-strain and between-strain epistatic interactions in the DO, augmented by 103 interactive roles of sex and high-fat diet in the network. 104
Results 105

Transcripts with trans genetic effects cluster into functionally enriched modules 106
Because we were interested in genetic interactions that influence expression traits, which must 107 include at least one trans effect, we first filtered the liver transcriptome to 3635 transcripts that were 108 influenced by 109 trans genetic loci (Methods). We performed weighted gene correlation network 110 analysis (WGCNA) ( 
Pleiotropic QTL influence physiological and expression traits 120
We combined the module eigengenes described above with five physiological traits: lean tissue mass, 121 fat tissue mass, as well as cholesterol, leptin, and triglyceride levels. Fat mass was log-transformed to 122 reproduce a more linear relationship with lean mass (Forbes 1987 ). These traits were modestly 123 correlated ( Figure 1 ), implying that some genetic factors may be shared among the traits, while 124 others may be distinct. To determine whether the traits here were influenced both by pleiotropic loci 125 and loci specific to individual traits, we performed linear regression to associate the haplotype at 126 each locus with each of our eight phenotypes (Methods). Across all traits, only one QTL for 127 cholesterol on distal Chr 1 reached genome-wide significance (permutation-based p < 0.05). 128
However, there were multiple loci where individual haplotypes had substantial effects that 129 potentially contribute to polygenic etiology ( Figure 2 ). In some cases, a single haplotype had an 130 apparent effect on a single phenotype. For example, a positive effect of the NZO haplotype on 131 cholesterol can be seen on distal Chr 11 ( Figure 2) . Likewise, the A/J haplotype at a nearby locus had 132 a positive effect on leptin levels ( Figure 2 ). Other loci were pleiotropic. The CAST haplotype at a third 133 locus on chromosome 11 had negative effects on fat mass, cholesterol, leptin, triglycerides, and the 134 Immune Module (Figure 2 ). This effect was shared to a lesser extent by the PWK haplotype in fat 135 mass, leptin, and triglyceride levels. This complex pattern of effects suggests a complex underlying 136 genetic architecture. The haplotype effects that are common across multiple phenotypes may 137 represent a common genetic factor influencing multiple traits. We combined these common signals to 138 gain information about individual loci. Haplotypes that influence a single phenotype, for example the 139 NZO haplotype effect on cholesterol, provide non-redundant information that can be used to identify 140 genetic factors with specific phenotypic effects. 141 142
Singular value decomposition concentrates functional genetic effects 143
We decomposed the trait matrix using singular value decomposition to obtain eigentraits (ETs) 144
( Figure 3A) . In our analysis we used the first three ETs, which captured 88.3% of the overall 145 variance. ETs recombine covarying elements of the measured traits, and potentially concentrate 146 functionally related effects. For example, leptin, cholesterol, and fat mass, along with the Redox and 147
Immune Modules, were averaged in ET2. This ET appears to capture the CAST/PWK effect on Chr 11 148 noted early to influence multiple traits. ( Figure 3B ). 149 150
An epistatic network involving all haplotypes influences physiological and expression traits 151
Because there were more markers genotyped than could be tested exhaustively in pairs, we used a 152 subset of haplotypes with the greatest effect-sizes in all three ETs (see Methods). The haplotype with 153 greatest standardized effect from each potential QTL peak was retained and the peak was further 154 sampled to keep 10% of markers within it. This process yielded a total of 515 markers representing 155 all seven haplotypes on 17 chromosomes (The C57BL/6J haplotype was excluded because we used it 156 as the reference strain). Because marker selection was based on effect size, the haplotypes were 157 unevenly represented ( Figure 5A ). A/J was the most highly represented haplotype with 100 markers 158 on eight chromosomes, and NOD was the least represented with 32. WSB alleles were the most 159 widely distributed, being selected from 12 different chromosomes. We ran CAPE on these markers 160 and the first three ETs to find an epistatic network between loci (Methods). 161 162
The resulting network consisted of 89 interactions among 49 loci and two covariates ( Figure 4 ). All 163 haplotypes participated in at least one interaction ( Figure 5A ). WSB haplotypes were involved in the 164 largest number of interactions (32), while NZO participated in the fewest (8). The number of total 165
interactions each haplotype participated in did not correlate with its representation in the 515 166 markers selected for the CAPE pipeline ( Figure 5A ) (p = 0.1). The final epistatic network was 167 directed, meaning that interactions model a source marker that acts on a target marker, and we can 168 thus measure the number of times each haplotype was the source of an interaction or the target of an 169
interaction. The majority of haplotypes were roughly evenly represented as both sources and targets. 170
However, the 129 haplotype was a target of interactions about four times more frequently than it 171 was a source, while the NZO haplotype was a source about twice as many times as it was a target 172 ( Figure 5A ). The covariates, sex and diet were both much more frequently sources of interactions 173 than they were targets ( Figure 5A ). 174 175
The interactions between haplotypes were most often between strains rather than within-strain 176 ( Figure 5B ). Inter-strain interactions were concentrated among the 129, WSB, NZO and A/J 177 haplotypes, which are all in the Mus musculus domesticus subspecies. CAST, M. musculus castaneus, 178
interacted with each of the other strains relatively evenly, while PWK, M. musculus musculus, was the 179 most isolated strain, and did not interact at all with the NZO or NOD haplotypes. The only haplotype 180 with multiple intra-strain interactions was WSB. This may be due to the wide sampling of the 181 selected WSB alleles from 12 different chromosomes resulting in more unique loci with potential for 182
interacting with each other. 183 184
Sex interacted with all founder haplotypes 185
Sex significantly affected all physiological traits except leptin levels. This effect was positive for all 186 phenotypes meaning that males had higher log fat mass (males 1.9 g, females: 1.7 g, p = 5.7x10 -2 ), 187 lean mass (males: 25.1 g, females: 18.3 g, p < 2 x 10 -16 ), cholesterol (males 110.4 mg/dl, females: 93.8 188 mg/dl, p = 4.3 x 10 -10 ), and triglycerides (males: 156.0 mg/dl, females: 115.0 mg/dl, p = 7.6x10 -14 ). All 189 expression modules were significantly lower in males (all p < 2 x 10 -16 ). Sex also participated in 190
interactions with genetic loci. The majority of genetic interactions with sex (12 of 15) involved a 191 suppression of allele effects by sex, indicating that the alleles had larger effects in females than in 192 males. Alleles from all founder strains were affected. One locus, the CAST allele on Chr 11, enhanced 193 the effects of sex. The allele overall had negative effects on leptin, cholesterol, and lean mass, but in 194 males, these measures were higher in the presence of this allele than expected from the additive 195
model. There was also a single locus, the WSB allele on Chr 17, that suppressed the effects of sex, 196
indicating that males carrying this allele had lower than expected lean mass, fat mass, etc. For 197 example, both this allele and sex had positive effects on cholesterol, but cholesterol levels in male 198 mice carrying this WSB allele were lower than expected from the additive model. Finally, phenotypic 199 effects of the male sex were enhanced by the high-fat diet, suggesting that males were more 200 susceptible to the effects of the high-fat diet. 201 202
Diet interacted with a subset of parental haplotypes 203
Diet significantly increased log fat mass (chow: 1.6 g, HF: 2.1 g, p < 2x10 -16 ), cholesterol (chow: 85.8 204 mg/dl, HF: 119.1 mg/dl, p < 2x10 -16 ), and leptin (chow: 7.7 mg/dl, HF: 19.7 mg/dl, p < 2x10 -16 ) and 205 significantly decreased triglyceride levels (chow: 146.7 mg/dl, HF: 124. 3 mg/dl, p = 1x10 -4 ). It also 206 significantly decreased all expression modules (all p < 0.001). Similar to sex, the majority of genetic 207
interactions with diet (five of seven) were those in which high-fat diet suppressed genetic effects. 208
That is, the alleles had greater phenotypic effect in chow-fed mice than mice on the high-fat diet. 209
There was one locus, the CAST allele on Chr 2, that enhanced the effects of diet, indicating that 210 animals carrying this allele were more susceptible to the effects of the high-fat diet. The effects of diet 211 were also enhanced by sex, as mentioned above, indicating that males in this population were more 212 susceptible to the effects of the high-fat diet than females. 213 214
Network motifs had both redundant and synergistic effects on phenotypes 215
To better understand the overall influence of genetic interactions on traits, we performed a network 216 motif analysis as described in (Tyler et al. 2016 ). Network motifs are composed of one interaction 217 between two loci, each of which has a main effect on one phenotype ( Figure 6A ). The interaction can 218 either be suppressing or enhancing, and the two main effects can drive the phenotype either in the 219 same direction (coherent) or in opposing directions (incoherent). Here we investigated the effects of 220 network motifs on traits in the DO and compare our results to our previous results from results from 221 an F2 intercross between inbred strains in Tyler et al. (2016) (Tyler et al. 2016 ). 222 223
Only enhancing-incoherent and suppressing-coherent motifs were present in the DO epistatic 224 network ( Figure 6B ). They involved all parental haplotypes and were predominantly interactions 225 between haplotypes from different parents (enhancing-incoherent: 72% different parental 226 haplotypes, suppressing-coherent: 96% different parental haplotypes). In contrast to the intercross, 227
the enhancing-incoherent motifs were not predominantly balancing, but tended to drive traits away 228 from the population mean. The vast majority of these motifs (92%) had a destabilizing effect on 229 phenotype, and 80% drove the phenotype past any additive prediction ( Figure 7) . A substantial 230 fraction of the suppressing-coherent motifs (25%) were non-redundant, meaning they pushed 231 phenotypes farther from the population mean than predicted by the additive model ( Figure 7) . 232
Discussion 233
Traits associated with metabolic disease, such as cholesterol levels, body fat mass, and triglyceride 234 levels have complex genetic architecture. Mapping genes influencing these traits will help identify 235 mechanistic factors influencing them and, together with molecular biomarkers, may ultimately 236 provide targets for therapies. Mapping complex genetic effects, however, is challenging, especially in 237 human populations in which environmental factors and population structure can overwhelm weak 238 genetic effects. Mice offer an excellent alternative as pre-clinical model organisms in which to dissect 239 complex traits mechanistically. However, the majority of inbred strains used in medical research are 240 closely related to each other. The have limited phenotypic diversity and large genetic blind spots due 241 to a lack of genetic variants between them. The DO mice provide a powerful alternative platform for 242
fine-mapping complex traits. They harbor immense genetic and phenotypic diversity, and have 243 minimal population structure, thereby allowing much more detailed assessments of complex genetic 244 architecture influencing complex traits. The genetic diversity in the DO does create its own issues, 245 however, in that large genetic effects can be difficult to find. Using standard mapping methods, we 246
and others have shown that most traits are influenced by many QTL with small effects (@gatti), and 247
few QTL rise to genome-wide significance. Here we used Combined Analysis of Pleiotropy and 248 Epistasis (CAPE) to combine multi-dimensional phenotype information and test for genetic 249
interactions influencing a suite of related traits. We found numerous individual effects and an 250 epistatic interaction network influencing both physiological and expression traits. The interaction 251 effects, which tended to be weak, identified genetic elements that potentially influence the traits and 252 informed on the general genetic architecture of these traits. 253 254
The two factors with the largest influence on most phenotypes were sex and diet. Sex influenced all 255 traits except serum leptin levels. In our network, sex also interacted with 14 genetic loci. Metabolism Expression Module and triglyceride levels, suggesting that this locus contains a gene that 263 increases triglycerides through gene expression differences in metabolic pathways. The effects of the 264 129 allele were suppressed by sex, indicating that it had a larger effect in females than males. 265
Combining the allele and interaction information from the CAPE network, we can generate a 266 hypothesis about the causal gene in this locus. There are six genes known to influence triglycerides in 267 the Chr 19.4 locus and one of these, Sorbs1, has a cis 129-specific effect increasing Sorbs1 expression 268 ( Figure 8A ). Sorbs1 is furthermore expressed more highly in females (p = 0.002) ( Figure 8B ), and is 269 significantly correlated with triglyceride levels in the DO mice (r 2 = 0.17, p < 2x10 -16 ). Previous work 270 has shown that mice with homozygous deletions of this gene have reduced triglyceride levels 271 (Lesniewski et al. 2007 ). Increased expression due to the gain-of-function 129 allele is consistent 272 with increased triglycerides in carriers, and therefore the 129 allele of this gene may increase risk for 273 elevated triglyceride levels in female mice. 274 275
In addition to sex, diet is an important factor in determining risk of metabolic disease and their 276 related phenotypes. The high-fat diet in our study had a substantial impact on all traits except the 277
Metabolism Module. High-fat diet enhanced the effects of sex indicating that males in the DO 278 population were more susceptible to the effects of the diet than females. It has been shown that 279 inbred male B6 mice gain more weight and have higher blood lipid profiles when given a high-fat diet 280 (Hwang et al. 2010 ). And although not represented in the DO, male BALB/cA mice have also been 281
shown to be more susceptible than females to weight gain and hepatic lipid accumulation (Nishikawa 282 et al. 2007 ). Diet interacted with a number of genetic loci, and like sex, mostly suppressed the effects 283 of these loci, indicating that the alleles had a larger effect in animals fed standard chow. Multiple 284 studies have shown interactions between genes and diet in influencing factors related to traits 285 associated with metabolic disease (for review see (Ordovas 2006) ). The resolution in the DO genome 286 combined with information about genetic interactions will help speed identification of genes 287
interacting with diet and help elucidate how high-fat, high-sucrose diets lead to obesity and 288 metabolic disease, as well as how healthy diets help prevent these conditions. 289 290
In addition to the interactions with sex and diet, genetic loci also interacted with each other to 291 influence phenotypes in network motifs. In a previous study of an F2 intercross (Tyler et al. 2016 ), we 292
found that suppressing-coherent and enhancing-incoherent motifs were significantly enriched in the 293 epistatic network. In this F2 population, both types of motifs tended to have moderating effects on 294
phenotypes. 295
The suppressing-coherent network motifs tended to reflect redundancy, while the enhancing-296 incoherent interactions had a balancing phenotypic effect driving phenotypes toward inbred strain 297 means (Tyler et al. 2016) . Animals homozygous for one parental allele at both interacting loci had 298 less extreme phenotypes than those with a mix of parental alleles at the two loci (Tyler et al. 2016 ). 299
Similar to our previous findings, network motifs in the DO were predominantly enhancing-300 incoherent or suppressing-coherent ( Figure 6B ). However, in contrast to the intercross, the 301 enhancing-incoherent motifs frequently drove traits farther from the population mean than 302
predicted by the additive model. The majority of the suppressing-coherent motifs had redundant 303 effects, i.e. the two loci had less than additive effects, but a substantial fraction (36%) also 304 destabilized phenotypes, driving them away from the population mean. 305 306
This phenotypic destabilization is likely due to the difference in allelic combinations between the 307 multi-parent DO mice and a classic intercross design. In an intercross all interactions by definition 308 are between alleles from a single non-reference parent, whereas interactions in the DO were most 309 frequently between alleles from different parental ancestries. In both designs, each of the parental 310 strains has developed its own unique set of alleles to maintain quantitative traits at strain 311 homeostasis. In an intercross, accumulation of alleles from a single parental strain may 312 combinatorially achieve homeostatic phenotypes for that parent. By contrast, in the DO the mixing of 313 parental alleles may instead destabilize phenotypes by driving them to extremes and creating the 314 immense phenotypic diversity seen in this population. Furthermore, that we see more destabilizing 315
interactions among the enhancing-incoherent motifs may imply something about molecular pathway 316 structure. We hypothesize that suppressing-coherent motifs represent interactions between genes 317 within a single pathway, while enhancing-incoherent motifs represent interactions between genes in 318 different, but functionally related pathways. This is consistent with earlier work on perturbations of 319 fruit fly signaling pathways (Horn et al. 2011; Carter 2013) . The patterns of stabilizing and 320 destabilizing motifs in our study suggests that recombining parental alleles within pathways is well 321 tolerated and often redundant, while recombination between related pathways more frequently 322 destabilizes phenotypes. 323 324
Although the genetic diversity in the DO allows relatively fine mapping, we cannot definitively 325 identify which genes in these loci are responsible for the phenotypic effects. We can, however, 326 combine the information in epistatic interactions with estimated functional interactions to generate 327 hypotheses about causal genes. For example, we found an interaction between the A/J haplotype on 328
Chr 9 locus 2 (Chr 9.2: 5 Mb to 36 Mb) and the CAST haplotype on Chr 2 locus 2 (Chr2.2: 123 Mb to 329 133 Mb) that influenced the Immune Module. Each locus had a negative main effect on the Immune 330
Module, and their combined effect was redundant with the effect of the Chr 2.2 locus ( Figure 9A ). 331
This pattern of effects indicates a redundant interaction and the possibility that the causal genes on 332 the two loci operate in the same pathway. To further investigate this premise, we identified all the 333 genes in the two regions that had strain-specific polymorphisms (A/J on Chr 9.2 and CAST on Chr 334 2.2), and filtered these to include genes that had been previously annotated to the mammalian 335 phenotype (MP) term "immune phenotype" (see Methods). We then used Integrative Multi-species 336
Prediction (IMP) (Wong et al. 2015) to identify the most likely among these genes to interact 337
functionally. This filtering process identified Casp4 on Chr 9.2 and Il1b on Chr 2.2 as the most likely 338 genes in these two loci to interact. In the IMP network, the two genes interacted directly in a network 339 functionally enriched for cytokine production and secretion (p = 4.3x10 -12 ) (Motenko et al. 2015) 340
( Figure 9B ). In support of the hypothesis that Casp4 and Il1b interact, both transcripts are correlated 341
with the Immune Module ( Figure 9C , Casp4: r 2 = 0.48, p = 2.6x10 -28 , Il1b: r 2 = 0.49, p = 1x10 -30 ), and 342
with each other (r 2 = 0.32, p = 7.4x10 -13 ) ( Figure 8C ). Casp4, also known as Casp-11, is a member of 343 the cysteine-aspartic acid protease family and is essential for IL1B secretion. opposite directions, and together, they drove the trait to be slightly more negative than predicted by 361 the additive model ( Figure 10A ). Following the same gene selection pipeline described above, we 362
identified Casp4 again for the Chr 9.2 A/J locus, and Src as a likely interacting partner in the Chr 2.4 363 NOD locus ( Figure 10B) . Transcripts for both genes are significantly correlated with the immune 364 expression module (Casp4: r = 0.47, p = 6.3x10 -28 ; Src: r = 0.47, p = 3.7x10 -27 ) and with each other (r = 365 0.21, p = 3.2x10 -6 ) ( Figure 10C ). In the IMP network Casp4 and Src occupy two lobes of a connected 366 graph, indicating that they are less directly functionally related than Casp4 and Il1b. The Casp4 side of 367 the network is enriched for genes involved in inflammasome pathways (p = 2.9x10 -6 ) ( Our analysis of genetic interactions in DO mice has revealed a number of interesting features of the 377 genetic architecture of complex traits related to metabolic disease. First, we detected numerous 378 significant genetic interactions influencing both physiological and expression traits in an outbred 379 population. Although these effects were small relative to the main effects we identified, we were able 380
to detect them by combining information across multiple phenotypes. The interactions primarily 381 involved alleles from different parental haplotypes. This pattern indicates that multi-parent 382 populations may be more powerful platforms than standard intercrosses for detecting epistasis due 383 to the increased genetic diversity. Interactions in an intercross are by definition between alleles from 384 the same parental strain, but in the DO interactions within strain haplotypes are relatively rare. With 385 the additional allelic variation in the DO, more genetic combinations with diverse phenotypic effects 386 are present. Second, we found that network structure of genetic interactions in outbred mice is 387 distinct from the network structure we found previously in a mouse intercross. In the intercross 388
interactions described by network motifs predominantly reduce variation in traits, driving them 389 toward the parental strain mean. In contrast, the enhancing-incoherent motifs in the outbred mice 390 tended to drive traits away from the population mean. The extreme traits were most frequently 391 caused by interactions between allele from different parental haplotypes. Extreme phenotypes upon 392 recombination of alleles in the DO may have the benefit of making epistasis in outbred populations 393 easier to detect than epistasis in intercrosses between two inbred strains. Finally, we showed that we 394
can use genetic interactions as information to prioritize candidate genes in genomic regions. 395
Interactions between two loci imply a functional relationship between elements encoded in the two 396 loci. By combining information about haplotype-specific genetic interactions with genomic functional 397 data, like the IMP network, we can generate plausible hypotheses regarding causal genes. The 398
hypotheses generated by this method in this study were supported by expression data not used in 399 the hypothesis generation. Together these results speak to the value of multi-parent outbred 400 populations in the dissection of the genetic architecture of clinically relevant complex traits. 401
Methods 402
Mice 403
Mice were obtained from The Jackson Laboratory (Bar Harbor, ME) as described in (Svenson et al. 404 2012) and @Gatti. The animals were non-sibling DO mice ranging from generation 4 to 11, and males 405 and females were represented equally. All animal procedures were approved by the Animal Care and 406
Use Committee at The Jackson Laboratory (Animal Use Summary # 06006). Mice were house in 407 same-sex cages with five animals per cage as described in (Svenson et al. 2012 Body composition (lean mass and total mass) were measured at age 12 weeks using dual X-ray 420 absorptiometry (DEXA) using a Lunar PIXImus densitometer (GE Medical Systems). Fat mass was 421 calculated as log(total mass -lean mass). Measurements were performed at two time points. All 422 measurements in this study were taken from the first time point. 423
Genetic analysis 424
Genotyping was performed on tail biopsies as described in (Svenson et al. 2012 
Filtering transcripts for trans effects 445
We were interested in mapping effects to transcripts that were influenced by distant (trans) genetic 446 loci. To determine which transcripts had trans loci, we first used DOQTL (Gatti et al. 2014a ) to map 447 QTL for all transcripts expressed in at least 50 samples (26,875 transcripts). DOQTL effects using 448 founder allele haplotype probabilities calculated as described in (Gatti et al. 2014b ). In addition, we 449 used sex, diet and batch as additive covariates and used hierarchical linear models to correct for 450 genetic relatedness (Kang et al. 2008 ). 451 452
From this mapping we identified cis-eQTLs for transcripts, which we defined as a suggestive eQTL 453 (LOD >=7.4) within 2 Mbp of the encoding gene's transcription start site. For each transcript, we 454 regressed out the effects of the cis-eQTL (Pierce et al. 2014 ) and re-mapped QTL using DOQTL. We 455 identified 3635 trans-eQTLs defined as a QTL (LOD >= 7.4) on a chromosome other than the 456 transcripts encoding gene or at least 10 Mb away on the same chromosome. Additionally, for the 457 following clustering analysis, we used the residual expression by removing the effects of cis-458
haplotype and batch effect via linear regression. The procedure is outlined in Supplementary Figure  459 1. 460 461
Weighted Gene Co-expression Network Analysis 462
Co-expression gene modules were obtained by clustering trans-acting transcripts using the WGCNA 463 package in R (Langfelder and Horvath 2008; undefined author 2016). WGCNA computes the absolute 464 value of Pearson correlation for all gene pairs and generates an adjacency matrix by raising the 465 correlation matrix to a user-defined power. We set the power to six to achieve a network with scale-466 free degree distribution. To construct the module network, WGCNA uses hierarchical clustering to 467 produce a dendrogram of genes. Individual branches of the dendrogram represent modules, which 468 are clusters of highly co-expressed genes. The modules with similar expression profiles can be 469 merged based on their correlation. We set the minimum module size to 30 and the minimum height 470 for merging to 0.25 (corresponding to a Pearson correlation of 0.75) to obtain relatively large and 471 distinct modules. The first principal component for each module (termed eigengenes in WGCNA) is 472 used to represent the summary co-expression pattern for each module. These eigengenes are 473 hereafter referred to as module phenotypes for CAPE analysis. Each module was assessed for 474 functional enrichment using the DAVID database (Huang et al. 2009a; b) . The GO enrichment 475 significance threshold for all gene ontology enrichment analyses was p ≤ 0.05, with Benjamini 476 correction for multiple comparisons. 477 478
Combined analysis of pleiotropy and epistasis 479
Combined analysis of pleiotropy and epistasis (CAPE) is a method for deriving genetic interaction 480 networks of genetic variants that influence multiple phenotypes {tyler2013cape}. The open-source R 481 package of cape was adapted (below) to use for DO mice with extension to multiple alleles in our 482 analysis. 483 484 We began our analysis by regressing outbreeding generation out of each trait and applying a rank Z 485 transformation to each physiological trait. These were combined with the three module eigengenes 486
representing significantly enriched modules from WGCNA (see above). We then performed singular 487 value decomposition (SVD) on the trait matrix to obtain eight orthogonal eigentraits (ET's). The ET's 488 combine common signals across all traits. In this analysis, we used the first three ETs, which captured 489 88.3% of the variation in the traits. We then performed linear regression to associate each marker 490 with each ET. 491 492
For each marker we used a seven-state model to estimate the effect of the founder haplotypes on 493 each trait. We use the B6 allele as the reference, and thus B6 alleles are not explicitly included in our 494
final results. We also included two covariates, sex (female: 0, male: 1) and diet (chow: 0, high-fat: 1). 495
496
The index is from 1 to number of samples and is from 1 to number of ET's. 497
Pi,a is the probability of each allele a at the locus, and xc,i is the presence or absence of each covariate. 498 We used the results of the single-locus regression to select markers for the locus-pair regressions. 499 500
Variant selection for pairwise regression 501
Because there were more markers genotyped than could be tested in a pairwise regression, we 502 selected a subset of variants based on standardized effect size. We selected individual haplotypes (for 503 example the A/J haplotype at marker 1) such that haplotypes from multiple founder strains and 504 multiple chromosomes would be represented in the locus-pair regression. To do this, we picked an 505 arbitrary threshold and identified haplotype peaks in effect size that rose above this threshold. We 506 picked the marker with the largest effect size in this peak and sampled 10% of the remaining 507 markers in the peak uniformly at random. We progressively lowered the threshold until we had 508 sampled approximately 500 individual variants. ( Supplementary Table 2 ) The final number of 509 variants selected was 515, representing all haplotypes across 17 chromosomes. 510 511
Pairwise regression 512
We express the full model for two variants labeled 1 and 2 as: 513 514 515
The index is from 1 to number of samples and j is from 1 to number of ET's. 516
Pi,a is the probability of each allele a at the locus, and xc,i is the presence or absence of each covariate. 517
Eij is the ET for sample . P1,i and P2,i are the probabilities of the allele at each of two variants for 518 sample i. P1,i P2,i is the interaction of two variants, ! and ! are the effects of two variants on the ET , 519
and !" is the interaction coefficient. 520 521
For each marker pair, the regression coefficients across all ET's were reparametrized to obtain two 522 new parameters ( ! and ! Next, the terms are translated into directed variables !" and !" , which describe variant-to-531 variant influences that fit all phenotypes via indirect associations. The term !" and !" are direct 532 influences of one variant on the other, with negative influences indicating suppression and positive 533 influences indicating enhancement. The terms !" and !" are defined in terms of ! and ! : 534
Errors are estimated through standard least-squares regression and a second-order Taylor 536 expansion on the regression parameters (Carter et al. 2012) . We defined the absolute value of the 537 ratio of an estimated coefficient and its standard error (|β/se|) as the standardized effect to evaluate 538 the main effects of the variants on the phenotypes and the interactive effects of the variants. The 539 significance threshold of the standardized effect is determined based on genotype permutation test 540 and adjusted for multiple testing. To avoid false positives due to linkage disequilibrium (LD), we 541 excluded variant pairs with Pearson's correlation coefficient above 0.5 in the pairwise regression. 542 543
Permutation testing 544
Permutation testing was conducted to generate null distributions of m parameters. For each 545 permutation, we shuffled the ETs relative to genotypes. We then performed a single locus scan and 546 selected the top ~500 markers for a pairwise marker scan as described above. We repeated this 547 process until 500,000 marker pairs were tested. We combined permutations across marker pairs to 548 generate a single null distribution ). Empirical p values for each model parameter 549
were calculated and corrected using false discovery rate (FDR) {benjamini1995controlling}. 550 551
Grouping linked markers 552
Final results are reported for linkage blocks rather than individual markers. The blocks were 553 determined as described in (Tyler et al. 2016 ). Briefly, for each haplotype, we used the correlation 554 matrix between variants as an adjacency matrix to construct a weighted network, and used the fast 555 greedy community detection algorithm in R/igraph to estimate boundaries between blocks of similar 556 markers (Csardi and Nepusz 2006) . 557 558
Phenotypic Effects of Motifs 559
For each motif in the epistatic network, we examined the phenotypic effects of each of the individual 560 loci as well as the interaction effect. For each individual locus, we divided the animals into two bins: 561 those carrying the alternate allele (e.g. at least heterozygous for the A/J allele at locus 1), and all 562 others. We calculated the mean trait value across all traits for both groups, and defined the main 563 effect of the allele as the difference between the groups. The predicted additive effect was the sum of 564 the two main effects. To calculate the actual effect of the interaction, we binned the animals into two 565 groups: those carrying the alternate allele at both loci (e.g. at least heterozygous for the A/J allele at 566 locus 1 and at least heterozygous for the NOD allele at locus 2), and all others. 567
Prioritization of genes in interacting loci 568
We used a function-oriented method to generate hypotheses about which genes in interacting 569 regions might be contributing to the epistatic effects inferred by CAPE. We focused on two 570
interactions that influenced the Immune Module, the module eigengene from the gene module 571 enriched for immune function. Both interactions involved the A/J haplotype from a region on Chr 9. 572
This region interacted with the NOD haplotype on Chr 2 and the CAST haplotype on Chr 2 to 573 influence the Immune Module. We first used biomaRt found all protein coding genes in the region by 574 finding all genes in the effect size peak created by the haplotype (Durinck et al. 2005; term "immune phenotype." We then looked for the most probable functional interactions between 583 the groups of genes from each chromosomal region using Integrative Multi-species Prediction (IMP) 584 (Wong et al. 2015) . IMP is a Bayesian network built through integration of gene expression data, 585 protein-protein interaction data, gene ontology annotations and other data. It predicts the likelihood 586 that pairs of genes interact functionally in multiple model organisms and humans. We used IMP to 587 find the highest likelihood connected component that contained at least one gene from each 588 chromosomal region participating in the epistatic interaction. We selected the gene pair with the 589 highest likelihood of interacting functionally as our top candidate gene pair for the interaction. show the average deviation from population mean in normalized phenotype for animals carrying the alternate allele at marker 1 and 640 marker 2 in the motif respectively. Marker 1 and marker 2 are sorted such that marker 1 always has the smaller (more negative) effect.
641
"Additive" shows the predicted additive effect given the Main1 and Main2 effects. "Actual" shows the actual deviation from the 642 population mean of animals carrying the alternate allele at both marker 1 and marker 2 in the motifs. Lines are drawn to connect dots 643 from individual motifs. Blue lines indicate motifs that bring phenotypes closer to the population mean than predicted by the additive 644 model. Brown lines indicate motifs that drive the phenotype farther from the population mean than predicted by the additive model.
645
Red lines indicate a subset of motifs that create more extreme phenotypes than predicted by any additive model. 662 663
